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Skin detection is an interesting problem in image processing and is an important preprocessing step for further techniques like face
detection, objectionable image detection, etc. However, its performance has not really been high because of the high overlapped
degree between “skin” and “nonskin” pixels. This paper proposes a new approach to improve the skin detection performance
using the Bayesian classifier and connected component algorithm. Specifically, the Bayesian classifier is utilized to identify “true
skin” pixels using the first posterior probability threshold, which is approximate to 1, and to identify “skin candidate” pixels using
the second posterior probability threshold. Subsequently, the connected component algorithm is used to find all the connected
components containing the “skin candidate” pixels. According to the fact that a skin pixel often connects with other skin pixels
in an image, all pixels in a connected component are classified as “skin” if there is at least one “true skin” pixel in that connected
component. It means that the “nonskin” pixels whose color is similar to skin are classified as “nonskin” when they have the posterior
probabilities lower than the first posterior probability threshold and do not connect with any “true skin” pixel. This idea can help
us to improve the skin classification performance, especially the false positive rate.

1. Introduction
Skin detection is an indication of the presence of a human
skin in a digital image by converting the original image to a
binary image in which “1” represents a “skin” pixel and “0”
represents a “nonskin” pixel. It is a very interesting problem
as well as an important preprocessing step for further techniques like face detection, hand gestures detection, semantic
filtering of web contents, etc. [1–4].
So far, two major groups of methods have been developed
for solving this problem using either color or texture features
[5]. In comparison to texture-based skin detection, colorbased skin detection is usually studied more by researchers,
and most of the state-of-the-art skin detection algorithms are
color-based [6]. The majority of color-based skin detection
algorithms are based on two issues: (i) color space and (ii)
classification method. For (i), many color spaces like RGB,
HSV, YCbCr, YIQ, YUV, etc. [6–13] were successfully applied
to skin detection problem. Some studies concluded that the

skin detection performance can be improved when using
two different color spaces together [14–16]. According to the
above studies, this paper also applies a combined color space,
RGBUV, which was proven to be effective by [14], to skin
detection problem. For (ii), to classify whether a pixel is skin
or not, the majority of previous studies usually focused on
two groups of methods: the thresholding and the machine
learning methods. The thresholding method is to define a
fixed boundary between the “skin” and the “nonskin” region.
If the color of a pixel falls into the “skin” region, it is classified
as “skin” and vice versa. Some studies that applied the
thresholding method to skin detection can be referred to as in
[14, 17–20]. In short, the thresholding method gains an advantage because it is a very basic and understandable method;
however, it is mainly based on subjective experience and has
low performance when the thresholds are incorrectly tuned
[1, 21]. The machine learning method detects “skin” pixels by
building a predictive model from the input data. Such models,
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Figure 1: The skin and nonskin region in a certain image.

like Bayesian classifier, linear discriminant analysis, binary
logistic regression, adaptive neurofuzzy inference system,
etc., were successfully applied to skin detection [7, 22–26].
Among them, the Bayesian classifier is especially noteworthy
not only in the field of skin detection but also in other
disciplines because it provides the information concerning
the probability that an observation belongs to a class, thereby
evaluating the reliability of the result [27–29]. However, the
Bayesian classifier, as well as other methods, still suffers from
low performance, especially the high false detection rate (the
percentage of nonskin classified as skin). The main causes
leading to such low performance and high false detection rate
are the confusing background, the noise like skin pixels, and
the various conditions of skin color with respect to different
ages, sex, races, and body parts [14, 30]. Figure 1 shows the
distribution of “skin” and “nonskin” pixels in a particular
image, using U and V color channels. In Figure 1, the green
points, the red points, and the black region represent the skin
pixels, the nonskin pixels, and the skin region established
by the Bayesian classifier, respectively. It can be seen that
the nonskin pixels have a high volume and overlap with the
skin pixels. Obviously, the skin region built by the Bayesian
classifier is not robust enough to detect all skin pixels; this
region even contains numerous nonskin pixels and provides a
high false positive rate. Therefore, a new efficient method that
can detect most of the skin and reduce false positive pixels is
a necessary demand of the skin detection problem.
The main contribution of this paper is to propose a new
approach for the skin detection using the Bayesian classifier
and the connected component algorithm. First, the Bayesian
classifier is used to compute the posterior probability that
a pixel belongs to the skin class. Normally, the Bayesian
classifier assigns a pixel to the skin class if its posterior
probability is larger than 0.5. It leads to a high false positive
rate because of the high overlapping degree between two
regions as illustrated in Figure 1. In the proposed method,

a high posterior probability threshold, 𝜀1 ≈ 1, is utilized so
that we can identify the “true skin” pixels and decrease the
false positive rate as much as possible. The Bayesian classifier,
in addition to finding the “true skin” pixels, also finds
“skin candidate” pixels through another posterior probability
threshold 𝜀2 . Next, the connected component algorithm is
utilized to find all connected components containing the
“skin candidate” pixels. With the idea that a skin pixel is
believed to connect to another skin pixel, the connect components that contain the “true skin” pixels are classified as
skin and vice versa. Obviously, the above condition requires
a skin candidate pixel connected with at least one “true skin”
pixel. The confusing background and the noise like skin pixels
that do not match the condition will be, therefore, classified
as nonskin, thereby improving the classification performance
especially in terms of false positive rate.
The remainder of this article is organized as follows. Section 2 presents the preliminary explanations of the Bayesian
classifier and connected component algorithm. The proposed
method is introduced in Section 3 and illustrated and applied
in Section 4. Section 5 is the conclusion.

2. Preliminary Explanations
2.1. Bayesian Classifier. We consider 𝑘 classes, 𝑤1 , 𝑤2 . . . , 𝑤𝑘 ,
with the prior probability 𝑞𝑖 , 𝑖 = 1, 𝑘. 𝑋 = {𝑋1 , 𝑋2 . . . , 𝑋𝑛 } is
the 𝑛-dimensional continuous data with 𝑥 = {𝑥1 , 𝑥2 . . . , 𝑥𝑛 }
being a specific sample. According to [31, 32], a new observation 𝑥 belongs to the class 𝑤𝑖 if and only if
𝑃 (𝑤𝑖 | 𝑥) > 𝑃 (𝑤𝑗 | 𝑥)

for 1 ≤ 𝑗 ≤ 𝑘, 𝑗 ≠ 𝑖.

(1)

In the continuous case, 𝑃(𝑤𝑖 | 𝑥) is calculated by
𝑃 (𝑤𝑖 | 𝑥) =

𝑃 (𝑤𝑖 ) 𝑓 (𝑥 | 𝑤𝑖 )
𝑞 𝑓 (𝑥)
= 𝑖 𝑖
𝑓 (𝑥)
𝑃 (𝑤𝑖 ) 𝑓 (𝑥 | 𝑤𝑖 )

∑𝑛𝑖=1

(2)
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Figure 2: (a) 4 connected neighborhoods; (b) 8 connected neighborhoods.
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Figure 3: An illustration of connected component algorithm.

Because 𝑓(𝑥) is the same for all classes, the classification’s
rule is
𝑞𝑖 𝑓𝑖 (𝑥) > 𝑞𝑗 𝑓𝑗 (𝑥) ⇐⇒
𝑓𝑖 (𝑥) 𝑞𝑗
> ,
𝑓𝑗 (𝑥) 𝑞𝑖

(3)
∀𝑗 ≠ 𝑖.

Here
𝑞𝑖 is the prior probability of class 𝑖;
𝑓𝑖 (𝑥) is the probability density function of class 𝑖.
In the case of two classes like the skin detection problem,
the new observation x belongs to the class 𝑤1 if and only if
𝑞1 𝑓1 (𝑥) > 𝑞2 𝑓2 (𝑥) or 𝑃(𝑤1 | 𝑥) > 0.5 and vice versa.
2.2. Connected Component Algorithm. When processing
binary images, we often expect to group the pixels, which
have values of 1, into the maximally connected regions. These
regions are called the connected components of the binary
image. Mathematically, two pixels 𝑝 and 𝑞 belong to the same
connected component 𝐶 if there is a sequence of pixels, which
have values of 1, (𝑝0 , 𝑝1 , ...𝑝𝑛 ) in 𝐶 such that 𝑝0 ≡ 𝑝, 𝑝𝑛 ≡ 𝑞,
and pi is a neighbor of pi−1 where the neighbors are defined

using either 4 connected or 8 connected regions as shown in
Figure 2.
This paper applies the connected component algorithm
[33] that consists of two stages with the left-to-right, top-tobottom scan order. In the first stage, the algorithm assigns a
new label to the first pixel of each component and attempts
to propagate the label of a pixel to its neighbor to the right or
below it. This process is illustrated in Figures 3(a), 3(b), and
3(c). Figure 3(a) presents the considered binary image. In the
first row, two pixels, which have values of 1, are separated by
three pixels, which have values of 0. Therefore, the first pixel is
assigned label 1 and the second pixel is assigned label 2 (label
is represented by the red color to distinguish it from pixel
value). In the second row, the first pixel valued 1 is labeled as 1
because it has a neighbor labeled as 1. In the same manner, the
second pixel valued 1 is assigned label 2. The above process is
repeated until the last pixel is assigned a label. In case of the
pixel A, the considered pixel has two neighbors with different
labels; we assign the smallest label to pixel A (label 1) and
denote “equivalent label” for all pixels that have the remaining
label. At the end of stage 1, we get Figure 3(c). In stage 2, the
pixels labeled “equivalence label” are considered. If a pixel has
any neighbor labeled “equivalent label”, we label the pixel as
“equivalent label” and vice versa. In the end, we get the final
connect components as Figure 3(d). For more details of the
algorithm, please refer to [33].
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3. The Proposed Method
3.1. Preprocessing. For building the Bayesian model and
computing the posterior probability, the Skin Detection
Dataset’ downloaded from https://archive.ics.uci.edu/ml/datasets/skin+segmentation is used as the training set. The
dataset comprises 50859 skin and 194198 nonskin samples.
Available features are pixel’s values in B, G, and R channels.
As mentioned earlier, the RGBUV color space is used in
this paper; hence, for building the training set, we have to
compute U and V values using the following formula.
𝑌

0.299 +0.587 +0.114

𝑅

(𝑈) = (−0.147 −0.289 +0.436) (𝐺)
𝑉

+0.615 −0.515 −0.100
0

𝐵

(4)

+ (128) .
128
3.2. The Proposed Method. Let 𝑥 be a vector containing the
pixel values in R, G, B, U, and V channels. We need to classify
whether 𝑥 is the skin or not. For this purpose, the new method
is proposed, involving the following steps.
Step 1. Compute the posterior probability that the pixel
belongs to the skin class, 𝑃(skin | 𝑥), using Bayes theorem.
(i) If 𝑃(skin | 𝑥) > 𝜀1 then the pixel is labeled as “true
skin”.
(ii) If 𝑃(skin | 𝑥) > 𝜀2 then the pixel is labeled as “skin
candidate”.
Step 2. Find all connected components containing “skin
candidate” pixels.
Step 3. Classify the pixels with the following rule: if the
connected component contains at least one “true skin” pixel,
then all pixels belonging to that component are classified as
“skin” and vice versa.
In the above algorithm, in order to control the false
positive rate at a low level, we choose 𝜀1 ≈ 1. For 𝜀2 , the
detection rate of the proposed method is equal to or less
than that of Bayesian classifier if 𝜀2 = 0.5. Therefore, a value
of threshold 𝜀2 that is slightly less than 0.5 will increase the
detection rate of the algorithm. The effect of thresholds 𝜀1 and
𝜀2 on the classification performance will be discussed in more
detail in Section 4.1.

4. Numerical Example
This section presents two examples to demonstrate the
effectiveness of the proposed algorithm. Specifically, Example
1 describes in detail how the new method works via a certain
image file taken from the Pratheepan.FacePhoto dataset [30].
This example also presents the survey results of threshold
values, 𝜀1 and 𝜀2 . In Example 2, the output binary images,

the performance measured by accuracy, detection rate, and
false positive rate of the proposed method on the whole
Pratheepan.FacePhoto dataset are presented and compared
with those of other methods such as Bayesian classifier
(BC), linear discriminant analysis (LDA), binary logistics
regression (BLR), and Adaptive Neuron Fuzzy Inference
System (ANFIS). The detail results are as follows.
4.1. Example 1. To illustrate the proposed method and
clarify the effect of the threshold values on classification
performance, this subsection performs an experiment on a
certain image downloaded from http://cs-chan.com/downloads skin dataset.html. We first use different thresholds 𝜀1
to find “true skin” pixels. Figures 4(a) and 4(b) present
the original image and the output binary image performed
at the posterior threshold of 0.5, respectively. This is also
the posterior threshold used by the Bayesian classifier. It
can be seen that using this threshold can detect most skin
pixels within the face region but incorrectly classifies the
“nonskin” pixels located in the hair and background as “skin”
pixels, thereby incurring a high false positive rate. As can be
observed from Figure 4(c) to Figure 4(f), the false positive
rate is reduced when we increase the posterior probability
threshold 𝜀1 . Using the threshold of 0.997, the false positive
rate is very low, with few misclassified pixels occurring in the
background. Even though the detection rate is also reduced
when the algorithm fails to detect the skin pixels in the nose
region, below the eyes, and near the brows, we accept the
current result and expect that such skin pixels will be restored
later using the connected component algorithm.
Let us now consider another illustration in which the U
and V channels of the current image are extracted. Figures
5(a) and 5(b) show the skin and nonskin pixels taken from the
ground truth and the “skin region” built by the Bayesian classifier with the thresholds of 0.5 and 0.997, respectively. With
the posterior probability threshold of 0.5, despite defining a
larger skin region which makes Bayesian classifier result in a
higher detection rate, the black circle or the skin region built
by the Bayesian classifier contains a lot of red points that are
nonskin pixels, therefore, increasing the false positive rate.
With the posterior probability threshold of 0.997, the black
circle or the established skin region is smaller, but virtually all
points that fall in this circle are the skin pixels. As a result, the
number of false positive pixels is reduced; we accept the skin
region established with the posterior probability threshold of
0.997 and enlarge them in the next step using the connected
components of skin candidate pixels.
In the next step, the threshold 𝜀2 is utilized for finding the
“skin candidate” pixels. For the sake of clarity, we first use the
fixed threshold, 𝜀2 = 0.475. Figure 6 illustrates the image after
finding the “skin candidate” pixels. We note that a “true skin”
pixel identified above is also a “skin candidate” pixel; hence,
a pixel that is both the “skin candidate” and “true skin” is
represented by the white color, a pixel that is only the “skin
candidate” is represented by the gray color, and a nonskin
pixel is represented by the black color, for distinguishing
purpose. As observed in Figure 6, the false negative pixels,
which are in the nose region, below the eyes, and near the
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Figure 4: The original and the output binary images using different thresholds 𝜀1 .

brows and were misclassified in the previous step, are now
the skin candidate pixels. It can be clearly seen that these
skin candidate pixels mostly connect to “true skin” pixels;
as a result, they are classified as “skin” via the connected
component algorithm. In contrast, most “skin candidate”
pixels in the background do not connect to any “true skin”
pixels and are classified as “nonskin”.
The final results are presented in Figure 7. It can be seen
that the proposed method, as well as the Bayesian classifier,
can well detect the skin in the human face. However, the
proposed method removes most of the pixels incorrectly
detected by the Bayesian classifier in the hair and background,
as shown in Figure 7(b). This is a reasonable output image
which reduces the false positive rate and leads to a better
accuracy, significantly.
Regarding the problem of thresholds selection, the effects
of thresholds on the performance measured by the accuracy,

the detection rate, and the false positive rate are investigated
on a large number of images given the ground truth. The
detailed results obtained for the investigated thresholds are
presented in Tables 1 and 2. The results are reasonable since
the lower threshold values provide better detection rate and
worse false positive rate. Therefore, we consider the accuracy
to balance the detection rate and false positive rate. In that
case, 𝜀1 = 0.997 and 𝜀2 = 0.475 can be considered as the
suitable thresholds.
4.2. Example 2. In this section, we examined whether the
proposed method improves the classification performance.
In particular, the results including accuracy, detection rate,
and false detection rate of the proposed method on the whole
Pratheepan.FacePhoto dataset are presented and compared
with some other methods such as the Bayesian classifier
(BC), linear discriminant analysis (LDA), binary logistic
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Figure 5: The skin and nonskin pixels and the skin region built by Bayesian classifier with different thresholds 𝜀1 .

Figure 6: The “true skin”, “skin candidate”, and nonskin pixels in the image.
Table 1: The survey of threshold 𝜀1 .
Threshold 𝜀1
0.9
0.99
0.994
0.997

Accuracy
0.8186
0.8186
0.8196
0.8220

regression (BLR), and Adaptive Neuron Fuzzy Inference
System (ANFIS). For illustration purpose, some selected
original and output binary images of comparative methods
are presented in Figure 8. The results of accuracy, detection

Detection rate
0.8181
0.8080
0.8080
0.8027

False positive
0.1812
0.1777
0.1762
0.1711

rate, and false detection rate on the whole image dataset are
summarized in Table 3.
For the detection rate, the right detection pixels
accounted for 78.78% of the true pixels. It can be seen
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Figure 7: The final results.

Table 2: The survey of threshold 𝜀2 .
Threshold 𝜀2
0.2
0.25
0.3
0.35
0.4
0.425
0.45
0.475
0.5

Accuracy
0.8215
0.8221
0.822
0.8222
0.8224
0.8224
0.8225
0.8227
0.8224

Detection rate
0.8137
0.8088
0.8027
0.7984
0.7941
0.792
0.7899
0.7878
0.7845

False positive
0.1757
0.1732
0.1711
0.1693
0.1676
0.1668
0.1659
0.1649
0.1641

Table 3: The performance of comparative methods.

The proposed method
BC
LDA
BLR
ANFIS

Accuracy
0.8227
0.8191
0.7507
0.7710
0.7881

from Table 3 that the proposed method is a competitive
method when it ranked third on the list of methods. The
best method in terms of detection rate is the ANFIS with the
detection rate over 87%. However, there are still a lot of false
positive pixels which ANFIS and other methods incorrectly
detect, whereas the proposed method can remove the false
positive pixels in the background, as observed in Figure 8.
The proposed method, therefore, outperforms the others in
terms of lower false positive rate and higher accuracy with a
rate of approximately 82%.

Detection rate
0.7878
0.7994
0.7727
0.6738
0.8740

False positive rate
0.1649
0.1739
0.2571
0.1944
0.2424

5. Conclusion
This paper has proposed a new approach to detect skin
in color image using the Bayesian classifier and connected
component algorithm. The illustrative examples have also
been presented in detail. The results have shown that the
proposed method is competitive in terms of detection rate
and outperforms the others in terms of false positive rate
and accuracy. In the future, the proposed method can be
further studied for other applications, like face detection,
objectionable image detection, etc.
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